This study provides an adaptive data analysis method that assesses Alberta's acid deposition monitoring network of 9 stations and the relative importance of each station. The method is based on the assessment of the mean square error (MSE) of sampling expressed in terms of empirical orthogonal functions (EOF). The annual potential acid input (PAI) data of the 9 stations over Alberta, Canada are used in this study. The patterns of the EOFs and PCs (principal components) are analyzed to reflect the PAI's spatial-temporal distribution properties. The definition and minimization of the MSE are the basis for our assessment method. The mean PAI field in the period of 1993-2006 and the PAI fields of individual years demonstrate a strong spatial inhomogeneity of the PAI field over Alberta. The PAI level is high in the Red Deer-Calgary-Kananaskis corridor. Our optimal analysis indicates that the 9-station network is, in general, adequate in monitoring the overall PAI in Alberta. The network results in a small root-mean-squareerror/standard-deviation ratio (5.6%), which demonstrates the reasonable effectiveness of the network. In the period of 14 years (1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006), there were only three years (1993, 1998, and 2002) during which the PAI values were higher than the monitoring load of 0.17 [keq H + ha −1 yr −1 ] at three locations: Red Deer, Calgary, and Kananaskis. According to a station's contribution to the reduction of sampling error, the descending order * Corresponding author. 
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Introduction
Space-time patterns are essential in characterizing air-pollution and other environmental parameters and multivariate statistics have been widely applied. Principal component analysis (PCA) has been a powerful factor analysis tool for these applications [Yu (2010) ; Yu and Chang (2000, 2001) ]. The PCA method is also often known as empirical orthogonal function (EOF) method in the atmospheric and climate science, where the spatial patterns are regarded as the EOFs and the temporal patterns are referred to as principal components (PCs) [North et al. (1982) ]. The EOF or rotated patterns, known as factors in statistics, are often interpretable and meaningful in applications [Johnson and Wichern (1984) ]. An indicator of therisks of acid rain. Foster et al. [2001] described the calculation method and application of critical, target and monitoring loads for managing acid deposition in Alberta. The current monitoring standard for PAI levels are 0. 17, 0.35, and 0.7 [2008] calculated the critical load of acid deposition for forest soil in Alberta and showed that some parts of the Alberta forest area have started to exceed the PAI monitoring load. Close monitoring of the Alberta acid deposition is thus more important than ever. Alberta Environment, a provincial governmental department, has been monitoring the acid deposition since the 1980s and has organized various kinds of studies on the deposition. Alberta Environment now maintains nine acid deposition monitoring stations that measure PAI. While all the 9 stations measure wet deposition, four of the nine also measure dry deposition [Alberta Environment (2006) ; Environment Canada (2005) ]. Accurate monitoring of the acid deposition is critical to maintaining Alberta's superb air quality and to planning for the future reduction of acid pollutants. Experiences in Asia, Europe, and the U.S. are useful in Alberta's acid deposition monitoring and reduction. Yu [2010] used the PCA method and analyzed the space-time characteristics of the ambient PM2.5 concentration over Taiwan. The results can help local governments make decisions on implementing trans-boundary air pollution control programs based on characterized factor loading isopleths. The Yu research group made extensive use of the PCA method and investigated various space-time structures of air and other environmental pollution issues in Taiwan, including air quality [Yu and Chang (2001) ] and ozone pollution [Yu and Chang, (2000) ]. Tran et al. [2004] also used the PCA method and made an integrated environmental assessment of the Mid-Atlantic Region of the United States. The results identify locations with poor environmental conditions using land cover, population, air pollution, and other data. Lynch et al. [2000] found that the acid rain in the Eastern U.S. was less in 1995 -1997 than in 1983 -1994 . Marin et al. [2001 found reduced acidity in precipitation in terms of its pH value variation between 1986 and 1997 in most parts of Europe, one exception being France. Weyhenmeyer [2008] reported the decrease of acidity in both precipitation and lake water over Sweden between 1984 and 1996. If it is to maintain its fine air quality and the quality of its soil and water, Alberta's economic growth and expanding population argue for an assessment of the current monitoring network. Statistical methods have been used in acid deposition studies [Hales (1982) ]. A multivariate statistical method called EOF analysis or PCA is used in this study. Yu and Yu [2004] successfully used this method for studying air quality over Taiwan. In the present study, we use the spectral optimal averaging (SOA) method of Shen et al. [1998] and EOF analysis to estimate the sampling errors of the PAI field, and we assess the monitoring network by using the errors. The annual total PAI, defined as the sum of the wet and dry depositions in a year, is our study parameter. The -2006 to the mean square error (MSE) of sampling and it displays the temporal-spatial structure of the PAI. This paper is arranged as follows. Section 2 describes the PAI data and analysis method. Section 3 contains the results of the PAI spatial-temporal structure and sampling analysis. Conclusions and discussion are in Sec. 4.
Data and Method

Data
This paper studies the Alberta PAI monitoring of 9 stations whose locations are shown in Fig. 1 . The latitude and longitude coordinates of the stations are shown in Table 1 . Figure 1 shows that the network of 9 stations does not cover Alberta well, leaving a vast region in central Alberta uncovered. The observed data from 1993 to 2006 were used in this study, with two missing data for Fort Vermilion in 1995 and Red Deer in 1999. These two missing data were filled in by the data from the nearest stations. Fig. 1 . Locations of the 9 Alberta PAI monitoring stations and the 98 Alberta grid boxes, and grids G1 (the grid boxes' vertices) and G2 (the grid boxes' centroid denoted by X). concentration, ha is hectare, and yr is year. The detailed definition of PAI is given in the Appendix of this paper. The wet PAI is measured from precipitation samples, including both rain and snow. The standard operating procedures of taking precipitation samples for acid deposition are described in Sweet [1993] . The PAI data were obtained from two sources: (a) the Air Evaluation Team of Alberta Environment and (b) the online CASA (Clean Air Strategic Alliance) data warehouse. The annual PAI data of a station is the sum of the multiple PAI observations throughout the year from January 1 to December 31 and includes both dry and wet PAI observations. The positive PAI values are the results of high acid levels due to sulfuric acid, nitric acid, and ammonium.
It is possible that the alkaline terms in the large bracket in the PAI formula mentioned in the introduction are larger than the sum of the first three acid terms; hence the PAI values are negative. However, the recent rapid expansion of oil sands exploration at places like Fort McMurrary will inevitably alter this situation in the North. Close monitoring of the PAI near the oil sands field facilities should be arranged.
NSA interpolation and smoothing as the first guess
We use a grid composed of 98 1-by-1 degree grid boxes based at the Northwest corner (120
• N) to cover Alberta (Fig. 1 ). The vertices of the grid boxes are denoted by G1. The centroids of the G1 grid boxes form another grid named G2. The station data are interpolated to the grid points of G1 using the nearest station assignment (NSA) method ]. The gridded data are further smoothed by a spatial moving window, which is an extension of the moving average from 1-Dim to 2-Dim. Then the values are mapped onto the grid points of G2. The PAI fields of 1993, 1998, and 2002 This NSA interpolation forms the first guess of the PAI field and is used to establish a basis function computed from a covariance matrix based on this first guess (see sub-section 2.3 below for details). This procedure requires the preservation of variance. Kriging, spline gridding, inverse-distance-weighting, and other methods can also develop datasets for calculating covariance matrices. However, these methods often over smooth an interpolated field in both space and time. The hybrid gridding method of Shen et al. [2001] can effectively retain the space-time variance, and the variance retention step is the NSA procedure. This motivated us to use NSA to develop our covariance matrix and hence the basis EOF functions for our MSE assessment. 
Covariance properties of the first guess gridded data
The smoothed and gridded first guess data on grid G2 may be regarded as the background data for calculating the covariance matrix and EOFs. G2 has 98 grid points. The background data should retain the main characteristics of the second moment statistics: variance and correlations. The data should reflect the essential spatial EOF patterns of the parameter under consideration. The accuracy of individual data is of secondary importance [Shen et al. (1998 ]. The output of a model simulation and the NSA-interpolated observed data often have this property and are thus often used as background data [Shen et al. (1994); Folland et al. (2001) ]. The eigenvalues and the eigenvectors, i.e. mode variance and EOFs derived from the covariance matrix, are used to calculate the sampling errors, assess the quality of the observational network and rank the importance of each station according to its contribution to reducing sampling errors. The MSE formula of Shen et al. [1998] requires the use of the EOFs calculated from the covariance matrix with an area-factor. Because of the inclusion of the area-factor, the units of our eigenvalues are [keq
With the area-factor, the EOFs may be considered as eigenfunctions of an integral operator whose kernel is approximated by the covariance matrix with an area-factor,
where P i (t) is the PAI anomaly of grid point i and year t, and A i is the area of the grid box associated with grid point i. Here, the anomaly is with respect to the 1993-2006 mean PAI field shown in Fig. 2(d) , i indicates the G2 grid points and runs from 1 to 98, and √ A i is called the area-factor. Because there are only 14 years of data, the 98-by-98 covariance matrix [C ij ] has a rank of at most 14. In our case here, the matrix has only 10 non-zero eigenvalues, because the PAI values at the grid points are the interpolation results from only 9 stations and hence 9 non-zero eigenvalues. The smoothing procedure leads to the 10th non-zero but very small eigenvalue. The eigenvalues are displayed in Table 2 and the first four EOFs ψ n ( r ) are shown in Fig. 3 . The ψ n ( r )'s value at the grid point j is approximated by the normalized eigenvector of C ij divided by the areafactor A j . Thus, the units of EOF ψ n (j) are [area units] −1/2 .
To verify the eigenvalue computation, we calculate the area-weighted total variance Ω P 2 ( r, t)dΩ . The expression
and the normalization condition Ω |ψ n ( r )| 2 dΩ = 1 lead to The left-hand side of this equation can be approximated by
For the right-hand side we take the first ten non-zero eigenvalues to get
So the percentage difference between the two results for the total variance compared to the sum of the eigenvalues is 47.37/663.18 = 7.1%, which is an acceptable computational error.
MSE calculation
To calculate the sampling error, we use the SOA theory of Shen et al. [1998] , which was developed to calculate the sampling errors for an inhomogeneous field, such as the PAI field here. Shen et al. [1998] 's MSE sampling error formula is
Here M is the number of EOFs used, λ n is the eigenvalue of the nth EOF mode, ψ n is the "true" spatial average of the nth order EOF mode and is computed bȳ
where ψ n (j) is the value of the nth EOF mode at box j and A G is the sum of the 98 grid boxes' areas. The estimated spatial average of the nth EOF mode isψ n , 
EOF-MSE Adaptive Method to Assess an Acid Monitoring Network
given byψ
In this formula, N denotes the station network. The current acid deposition monitoring network has 9 stations; thus i runs from 1 to 9. The stations are not necessarily on the grid points; hence, i indicates the grid point nearest to the ith station. The optimal weights w i are used here. The optimization is in the sense of minimal MSE and leads to a set of linear equations to determine the optimal weights [Shen et al. (1998) ]. The linear equations are
Here
is the smoothed covariance function constructed from the truncated EOFs up to order M. The Lagrange multiplier Λ is also an unknown in the above system of linear equations, andρ
is the spatial average of the truncated covariance function. E 2 i is the error variance of the station data for the ith station and is assumed to be half of the station's PAI variance, which is an approximation, as was done in Shen et al. [1998] . Figure 3 shows the first four EOFs, which explain 96% of the total variance. There are four dominate patterns: the Southeast pattern (EOF1), Northeast pattern (EOF2), Northwest pattern (EOF3) and Red Deer pattern (EOF4). The Red Deer-Calgary-Kananaskis corridor is included in both EOF1 and EOF4. Because √ λ 1 = 19.97 is much larger than √ λ 4 = 3.94, the first EOF dominates the spatial variance and explains 60% of the total variance, while the Red Deer pattern helps modify the PAI's spatial distribution. The Northeast positive pattern around Chipewyan shown in EOF2 and the Northwest negative pattern around Beaverlodge and Fort Vermilion in EOF3 are likely to be a reflection of the near-zero or negative PAI values observed at the stations of Fort Chipewyan, Fort Vermilion and The PAI field can be approximated by the following EOF expansion formula,
Results
PAI's space-time patterns represented by EOFs and PCs
Here P n (t) are the normalized PCs of the PAI field, and they are orthonormal to each other and dimensionless. The first four PCs are shown in Fig. 4 . The three local minima (values between −1 and −2) of P 1 (t) correspond to the three years (1993, 1998, and 2002) of high PAI loads in the PAI-sensitive region, since EOF1 is negative in this region. In 1998, the positive P 3 (t) helps reconstruct the high PAI value in the PAI sensitive region. 
In the current case, we choose M to be 10 since λ m = 0 when m > 10. This variance computed from our smoothed gridded data is σ 2 = 0.00096
The resulted RMSE/sigma(σ) ratios and weights of all the stations are shown in Table 3 .
Our numerical results indicate that the most important station is Beaverlodge, a Western Alberta station with no stations located directly to its North. The RMSE/sigma ratio of the 8-station network missing this station is 17%. Another indicator of its importance is the consistently large weights of the Beaverlodge station (see weight column under 5 in Table 3 ). These weights range between 0.20 and 0.33, while the uniform weights for 8 stations are 0.125.
The second most important station is Fort Chipewyan, and the corresponding RMSE/sigma ratio is 12%. This is the Northernmost station and represents a large area of Northeastern Alberta. The weights of this station are also relatively large, ranging from 0.13 to 0.19, with most weights around 0.18 in the 8-station network MSE calculation runs.
The third most important station is Suffield. The importance of this station is mainly due to its sole representation of Southeast Alberta. The two nearest stations are Calgary and Kananaskis to its Northwest and they are more than 200 km away. The Suffield weights of the 8-station networks are close to the uniform weights of 0.125.
The fourth most important station is Red Deer, which is in the action center of the PAI field, including both dry and wet. The 1993-2006 mean PAI shown in Fig. 2 The fifth most important station is Cold Lake. Like the Suffield station, this station represents a large area in Eastern and Central Alberta and is the only station on the North nearest to the PAI active region. This station is less important in reducing the sampling MSE than Suffield, but due to its representation of a larger area than Suffield, Cold Lake's weights are larger than those of Suffield and are around 0.16 most times, with an exceptionally large one at 0.32.
The sixth most important station is Kananaskis. This station together with Calgary (ranked seventh) and Red Deer (ranked fourth) often observe high PAI values, but the Kananaskis station had an exception: negative, but close to zero, PAI in 2006. Kananaskis is in very close proximity to Calgary, less than 80 km away. It is thus not surprising that Calgary station is ranked together with Kananaskis. If all the 9 stations are included, the RMSE/sigma ratio is 5.6%, which is slightly larger than the RMSE/sigma ratio of withholding the Fort McMurray station. This may be due to data errors associated with the Fort McMurray station and to the non-stationarity of the PAI field.
The above assessment only included the 9 stations in Alberta. When stations in the neighboring provinces and stations are considered, the sampling region can be extended and the sampling errors can be considered using the same mathematical approach.
Conclusions and Discussion
The EOF method was applied to 14 years of Alberta PAI data collected at 9 stations, to analyze the spatial and temporal patterns and assess the current network. Our results lead to the following conclusions: the mean PAI field in the period of 1993-2006 and the PAI fields of individual years (Fig. 2) demonstrate the field's strong spatial inhomogeneity. The station PAI data are not highly correlated. The PAI action center is the Red Deer-Calgary-Kananaskis corridor. This area usually observes high PAI values compared with other areas in Alberta. The current network is, in general, adequate for monitoring the overall PAI in Alberta. The 9-station network results in a small RMSE/sigma ratio (5.6%), which indicates the reasonable effectiveness of the network. During the period of 14 years (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) , there were only three years (1993, 1998, and 2002) oil sands exploration in the Fort McMurray area requires close monitoring of air quality. Because of the annual PAI's large spatial scale and correspondingly small sampling error, it makes little difference to change the ranking order after the first 3 or 4 stations. Thus, due to the practical need to monitor PAIs effectively, the future optimal network is not unique. When the first 3 or 4 stations are chosen, the next few stations may be chosen according to the local needs, such as Edmonton's rapid population increase or Peace River's organic farming. When the post-2006 PAI data come in, the Fort McMurray station's importance will likely change from least to more important, due to the recent intensive oil sands exploration activities. Since the EOF assessment and design analysis is an adaptive method, the method can take various kinds of observed and modeling data. The other data to be included in the future analysis are updated data from the 9 stations, the data from the two West Central Airshed Society stations near Edmonton, the data from numerical models and other temporary measurements of dry PAI. Thus, it is very important for a design to be adaptive and dynamic and for monitoring errors to be assessed every year with any updated data.
There are special cases that need attention. observed some acid deposition risks. This warrants close attention, because Genesee station is not located right next to the power plants, rather, it is between 8 and 33 km away from them. Therefore, it is advisable to investigate the causes behind these unusual observations and to closely monitor the PAI values near power plants, refinery facilities, and oil sands exploration sites. Since there is no rigorous error estimate for the station data's error variance used in Eq. (9), we used a half of the variances of the station anomaly data. However, this is only our initial experiment. The optimal results can vary according to the error variance size. Thus, a method should be developed to estimate the error variance, such as those discussed in Shen et al. [2007] .
One application of our method is to design future observation networks. When using our method to determine the locations for additional stations whose variance cannot be calculated from observed data, the gridded data may be used to calculate the error variance. Since the gridded data are smoother and thus have smaller variances, the resultant RMSE/sigma ratio is still large when the error variance is taken as a half of the station's data variance. Therefore, the RMSE/sigma values should be considered as relative error references, rather than absolute error measures. As an example, we considered 10 additional stations. Their names, latitudes, and longitudes are shown in Fig. 5 . To rank for a station's importance, we tested each additional station one at a time. First, we test 10-station networks, which resulted from the 9 stations plus one from the additional 10. As a result, we calculate the MSE for the 10-station network 10 times. The one that leads to the smallest MSE is the most important station. Consort station is ranked first among the 10 additional stations. Similarly, we identify the second station as Peerless Lake. The descending order of importance for the remaining 8 stations is Cardston, Fort Fitzgerald, Edmonton, Jasper, Peace River, Slave Lake, Indian Cabins, and Rainbow Lake.
